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Abstract—In this paper, we propose an approach to track the pro-
gression of eye-gaze while reading a block of text on computer screen.
The proposed approach will help to accurately quantify reading, e.g.,
identifying the lines of text that were read/skipped and estimating the
time spent on each line, based on commercially available inexpensive eye-
tracking devices. The proposed approach is based on a novel slip Kalman
filter that is custom designed to track the progression of reading. The
performance of the proposed method is demonstrated using 25 pages eye-
tracking data collected using a commercial desk-mounted eye-tracking
device.
Index Terms—Eye-tracking, eye-gaze fixations, Kalman filter, human-
computer interaction.
I. INTRODUCTION
Eye-gaze tracking, in particular its applications in reading-pattern
analysis, has been a topic of interest for over a century. Pioneers such
as Louis Javal [15] and Edmund Huey [8] paved the field’s foundation
by searching for connections between an individual’s reading patterns
and their emotions, fatigue level, or mental condition. Indeed, the
analysis of eye-gaze fixation patterns has since been used to detect
disorders such as depression, anxiety [2], [16], and autism [10], [12].
The study of reading itself however has continued to prove quite
difficult in practice due to the complex nature of such a simple action
[6], [14]. Recent works have addressed the issue of translating an
individual’s eye-gaze fixation points to an accurate interpretation of
their reading patterns and habits with modern solutions [7], [11], [13],
yielding results far more quickly and with unprecidented accuracy
than ever before. There is one caveat however, while these modern
solutions yield excellent results, they are still reliant on expensive
hardware and regulated environments which restrict lighting, head
movement, and distance from the text being read much like their
primitive counterparts.
The objective of this paper is to contribute to the research and
development of methods which are not only capable of extracting
useful, accurate information from messy, noise-corrupt eye-gaze
fixation points collected during reading, but are also robust enough
to do so in a minimally restrictive, more natural environment and
without the need for expensive hardware. Specifically we seek to
develop an approach to draw conclusions, which include but are
not limited to, lines which have read or not-read, lines which were
read multiple times, and how much time was spent on reading
each line. The intent is to make accurate reading-pattern tracking
more accessible using inexpensive, non-invasive hardware without
requiring the subject limit their movements in such a way that hinders
natural behaviour. In this regard, the work presented in this paper
builds on two recent works by the authors [4], [5]. In [4], an approach
developed by the authors, creatively given the name “Line Detection
System (LDS)” was developed to detect the line being read at any
given instant during reading; in [5], a least squares estimator is
developed to compliment the LDS in tracking the progression of
reading along each line.
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The LDS approach in [4] relies on discrete hidden Markov models
(HMM) to identify lines. Discretization is accomplished by assigning
data whose y-coordinates were filtered to reduce noise an “observed
line number” based on where each eye-gaze fixation point was
measured relative to the grid boundaries. As expected, it was found
that the HMM based LDS takes transition time when the reader’s
eye-gaze progresses from one line to the next. This coupled with the
fact that the system is prone to mis-classifying large sequences of
eye-gaze fixation points as incorrect observed line numbers results
in line detection errors. While the LDS in its current state is able
to detect, with typically above 90% accuracy, a reader’s line-by-line
progression, its accuracy is slightly volatile due to the presence of line
detection errors in some instances. The system is also incapable of
real-time smoothing of eye-gaze fixation points, nor is it functional in
a situation where the number of lines is not prior knowledge. Finally,
adequate noise-reduction, especially with that associated with the
collected x-coodinates, presents an interesting challenge - discussed
in [5] and, to a lesser degree, [4] - which has not yet been attended
to sufficiently in previous works.
In this paper, we propose an alternative designed to address the
flaws identified with previous approaches. Rather than using a HMM
as a classifier to estimate line progression - as with the LDS - we
propose the use of a modified Kalman filter to detect when the
reader’s eye-gaze continues from one line to another. Particularly,
we report the filtered horizontal velocity of the Kalman filter as
a superior indicator of new lines. The proposed Kalman filter is
termed slip Kalman filter (Slip-KF) based on its ability to reset when
progression from the end of one line to the beginning of another is
detected. Furthermore, the Slip-KF offers vastly improved estimation
of x-coodinates when compared to the previos least squares method.
The remainder of this paper is organized as follows: in Section II
a review is given on the standard Kalman Filter, and its inability
to perform properly when applied to reading-pattern detection is
highlithed. In Section III, we present an improved version of the
standard Kalman filter which is capable of maintaining its accuracy
in an environment where erratic movement is common, such as during
reading. The paper is concluded in Section V.
II. PROBLEM DEFINITION
The authors intend to utilize the power of the Kalman filter to
smooth and interpret noisy eye-gaze fixation point data collected
while reading. Eye-gaze data collected during reading tends to be
difficult to interpret, due to the presence of noise intro- duced as the
result of innacuracies in detection hardware, intrinsic characteristics
of eye-gaze which dictates that eye movement itself is inherently
erratic, and head movement of the individual being tracked. During
reading, specifically, the eye does not scan text being read at an equal
rate. Progression from the beginning of one line to its end occurs
as a sequence of quick and uneven saccades, while the progression
from one line to a new line altogether manifests as a quick saccade
coupled with a drastic change in position - resulting in a rapid change
in velocity and acceleration. We will begin with a brief review of the
standard Kalman filter prior to discussing the proposed modifications.
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2Let us model the progression of eye-gaze during a reading activity
as the following 4× 1 state vector
x(k) = [x(k) x˙(k) y(k) y˙(k)]T (1)
where x(k) is the gaze-displacement in the x-direction, y(k) is
the gaze-displacement in the y-direction, x˙(k) is the rate of gaze-
displacement (velocity) in the x-direction, and y˙(k) is the rate of
gaze-displacement (velocity) in the y-direction.
The state vector above is modeled to undergo the following process
model
x(k + 1) = Fx(k) + Γv(k) (2)
where the elements of the 4 × 1 vector v(k) are assumed to be
zero-mean Gaussian noise with unity standard deviation,
F =

1 ∆T 0 0
0 1 0 0
0 0 1 ∆T
0 0 0 1
 , Γ =

1
2
∆T 2 0
∆T 0
0 1
2
∆T 2
0 ∆T
[qx 00 qy
]
(3)
where ∆T is the sampling time that is assumed to be a constant.
The values of qx and qy need to be selected based on realistic insight
about the application. For example, in the case of reading, we will
have qx > qy. The process noise covariance, Q, can be shown to be
[3]
Q = E
{
Γv(k)v(k)TΓT
}
(4)
=

1
4
∆T 4qx
1
2
∆T 3qx 0 0
1
2
∆T 3qx ∆T
2qx 0 0
0 0 1
4
∆T 4qy
1
2
∆T 3qy
0 0 1
2
∆T 3qy ∆T
2qy
 (5)
where Q is the covariance of the process noise.
Remark 1: An approach to select qx and qy is as follows [3]. Let us
assume that a text of 25 equally spaced lines on a screen measuring
8.5 inches sideways and 11 inches from top to bottom. Assuming
that a person requires, on average, 10 seconds to finish reading one
line, the average horizontal velocity of eye-gaze on a per-line basis,
taking left-to-right progression as positive, is
x˙(k) =
1
10
× 8.5 = 0.85 inches/sec (6)
Now, allowing 1% change (noise) in velocity, a reasonable value to
assign to qx is obtained as follows√
∆T 2qx = 0.85× 1
100
= 0.0085
qx = (0.0085/∆T )
2 (7)
Considering that it takes 10 seconds to move from one line to another,
the vetical velocity on a per-page basis, taking downward progression
as positive, is
y˙(k) =
1
10
× 11
25
= 0.044 inches/sec (8)
Assuming a similar√
∆T 2qx = 0.0044× 1
100
= 0.000044
qx = (0.000044/∆T )
2 (9)
Note that the horizontal progression was measured per-line while the
vertical progression was measured per-page. Note also that the unit of
measurement and sampling time may differ depending on the device
used to obtain measurements. The previous example was meant to
illustrate a general technique rather than act as a rigid approach.
The eye-gaze (or more accurately eye-gaze fixation point) mea-
surements are the noisy observations of x(k) and y(k), denoted in
vector form as
z(k) = [zx(k) zy(k)]
T (10)
Let us define the measurement model, z(k) that match the eye-fixation
observations to the state vector x(k) or reading as follows
z(k) = Hx(k) + w(k) (11)
where
H =
[
1 0 0 0
0 0 1 0
]
, (12)
and the elements of the 2 × 1 vector w(k) are assumed to be
zero-mean Gaussian noise with standard deviation σx for the x-
coordinate measurement and σy for the y-coordinate measurement.
For simplicity, we assume the measurement noise to be uncoorelated
in x, y directions. Consequently, the measurement model covariance
matrix is written as
R =
[
σ2x 0
0 σ2y
]
(13)
Given an initial estimate for x(0|0) and P(0|0) the Kalman filter
[3] can be used to recursively obtain the updated estimate of xˆ(k +
1|k+ 1) and the estimation error covariance P(k+ 1|k+ 1) as each
new measurement z(k) arrives, for k = 0 : K − 1. Algorithm 1
summarizes one recursive step of the regular KF.
Algorithm 1 Regular Kalman Filter, Single Iteration
1: input: x(k|k), P(k|k), z(k + 1)
2: State prediction: xˆ(k + 1|k) = Fx(k|k)
3: State prediction Cov: P(k + 1|k) = FP(k|k)FT + Q
4: Innovation Cov: S(k + 1) = R + HP(k + 1|k)HT
5: Measurement prediction: zˆ(k + 1|k) = Hxˆ(k + 1|k)
6: Measurement Residual: ν(k + 1) = z(k + 1)− zˆ(k + 1|k)
7: State Est: xˆ(k + 1|k + 1) = xˆ(k + 1|k) + W(k + 1)v(k + 1)
8: State Est. Cov: P(k+1|k+1) = P(k+1|k)−W(k+1)S(k+
1)W(k + 1)T
9: return xˆ(k + 1|k + 1), P(k + 1|k + 1)
Remark 2 (Filter initialization): Algorithm 1 needs initial values;
i.e, x(0|0) and P(0|0) needs to be computed. A simple way to
obtain the initial estimate is the two-point initialization method
[3]. Given the first two measurements z(1) = [zx(1), zy(1)]T and
z(2) = [zx(2), zy(2)]T , the initial estimate is obtained as
x(0|0) =
[
zx(2),
zx(2)− zx(1)
∆T
, zy(2),
zy(2)− zy(1)
∆T
]
(14)
and the filter covariance is initialized as
P(0|0) = γI4 (15)
where γ is an appropriately large coefficient and I4 is the 4 × 4
identity matrix.
Figure 1 illustrates the performance of a regular Kalman filter,
when used to eliminate noise from eye-gaze data collected during a
reading activity, from one sample page of data. The measurements
z(k) are shown as red ‘*” and the estimated coordinates are shown
as a blue line. These measurements were obtained by tracking an
individual as they read 25 pages worth of text, each page having 25
lines per page. More details on the experimental setup used to take
this measurement can be found in Section IV as well as in [4].
The standard Kalman filter is not designed to track motion which
behaves as erratically as one’s eye-gaze during reading. It can be
3Fig. 1: Tracking eye-gaze while reading using normal Kalman
filter. The standard Kalman filter is unsuitable for use with eye-gaze
data collected during a reading activity, due to the presence of very
pronounced over-estimation at each line-change.
noted that at the end of each line, the drastic change in state results
in over-estimation of the true position. After a short amount of time,
somewhere around mid-line, the filter re-establishes a steady state and
resumes accurate estimation, only to be disturbed anew at the line’s
completion. This behaviour, however, also presents an opportunity to
develop a method of self-correction, which is the basis of the Slip-
Kalman Filter.
III. PROPOSED APPROACH
The title for the proposed modification to the Kalman filter is
inspired by the slip gear [9] used commonly in modern robotic
applications. When a load exceeds a certain threshold, the slip gear
is designed to slip back, effectively avoiding failure. Similarly, the
proposed Slip-KF is designed to re-initialize when a certain threshold
is exceeded. Particularly, the Slip-KF is designed to reset whenever
a line change is detected based on the eye-gaze measurements - due
to the fact that the state-space model defined by (2) and (11) does
not account for the near-instantaneous change in position, velocity,
and acceleration triggered by the flick of one’s eyes from one side
of the page to the other. The question is, how can a line change be
detected such that the filter can be reset accordingly?
The Slip-KF is “tuned” to follow typical reading progression
without the expectation of a line change. Whenever there is a line
change, the sudden change in state is analogous to the filter being
“overloaded” in the slip-gear analogy. Such an overload can be
observed in two filter parameters.
• Normalized Innovation Squared (NIS). It can be noticed that the
NIS [3] spikes each time the filter is stressed – which is likely to
happen whenever the eye-gaze moves faster than that is expected
by the filter, or whenever there is a vast discrepancy between
the estimated measurement and the true measurement. Figure
2(a) illustrates the values of NIS associated with a regular KF
during reading, from one sample page of data. It was observed
that NIS spikes occur quite frequently due to the noisy nature
of the eye-gaze data, and thus this metric proved unreliable in
terms of line change detection.
• Velocity along the line x˙(k). Reading is characterized, majori-
tively, by left-to-right eye travel1 as the reader scans each line of
text. It is reasonable to treat the velocity of such left-to-right eye-
gaze-movement as fairly constant, even though in reality reading
occurs in quick saccades. However, when a reader reaches the
end of one line and adjusts their gaze from right to left to begin
the next, a spike in velocity in the opposite direction compared
to the typical left-to-right eye travel is observed. Figure 2(b)
illustrates this phenomenon, in which each spike in velocity is
clearly defined. Such a pronounced, consistent difference allows
us to establish a threshold for new line detection.
Remark 3 (Useful observations from the KF): Some additional
interesting observations can be made form Figure 2(b): it can be
noted that for this particular sample page, the average velocity is
approximately 1/3 of 0.2 ≈ 0.067; from this, it can be concluded
that the person took 1/0.067 ≈ 15 seconds to finish one line of text.
(a) NIS of the regular KF
(b) Velocity x˙(k), in text-width/sec, of the regular KF
Fig. 2: Possible indicators of a new line.] Both NIS and the
estimated velocity were candidates for new line indicators. However,
the velocity indicator simply outperforms NIS as indicator of a new
line while reading.
A summary of the proposed Slip-KF is given in Algorithm 2. The
Slip-KF monitors the estimated velocity at each instant, checking it
against a pre-defined threshold. If this threshold is exceeded, rather
1This is only true for language scripts that are written left-to-right, such
as English. However, the observation is true – with the direction of velocity
reversed – for language scripts that are written right-to-left, such as Arabic.
4than produce an estimate for this instant the Slip-KF re-initializes the
state estimation covariance and state vector - essentially restarting
the filter after each new line without sacrificing a drastic loss in
momentum or convergence.
Algorithm 2 (Slip-Kalman Filter, Single Iteration)
1: input: xˆ(k|k), P(k|k), z(k + 1)
2: if ˆ˙x(k) < −0.5 then:
3: re-initialize:
4: xˆ(k+ 1|k+ 1) = [zx(k+ 1), 0.2/3, zy(k+ 1), ˆ˙y(k|k)]T
5: P(k + 1|k + 1) = P(0|0)
6: return xˆ(k + 1|k + 1), P(k + 1|k + 1)
7: else:
8: Execute regular Kalman Filter (Algorithm 1)
Remark 4 (Filter re-initialization): The re-initialization step in
Algorithm 2 is performed as follows: the x, y states are re-initialized
to measurements, i.e., x(k+1|k+1) = zx(k+1) and y(k+1|k+1) =
zy(k + 1); the x-velocity is re-initialized to typical reading rate of
x˙(k + 1|k + 1) = 0.2/3 page-width/second and the x-velocity is
re-initialized to its prior estimate y˙(k + 1|k + 1) = y˙(k|k) .
IV. RESULTS
Eye gaze data were collected from a single test subject (a male in
his twenties), using a Gazepoint GP3 [1] desktop device. To begin
logging data, the test subject was required to press the space key
which would simultaneously cue the device to begin logging the x
and y eye-gaze fixation coordinates, z(k), at 64 Hz, and reveal a
single line of text against a solid background, near the top of the
display (in this case, a 1920×1080 computer monitor) for which
the device was calibrated. While the topmost line of text - Line 1
- was displayed, each gaze point corresponding to this line were
labeled with a “1” to allow for comparison between ground truths
and predictions. Only a single line of text at a time was displayed,
starting from line 1 at the top of the screen to line 25 at the bottom
of the screen, during reading and tracking. Each new line of text was
shown by pressing space when the end of each line of text had been
reached, allowing ground truths to be recorded along with each eye-
gaze fixation point. For more details about the collected data, please
refer [4], [5].
Figure 3 shows the result of the proposed Slip-KF while reading a
sample page of the above mentioned experimental data. This figure
must be viewed in comparison to Figure 1 which used the regular
kalman Filter defined in Section II; The advantage of the Slip-KF is
immediately clear - over-estimation is avoided, and effective noise
reduction is achieve.
In terms of line detection, an average line detection accuracy
of 97.83% was achieved. When compared with the LDS this is
an improvement of 8.9%, using an identical evaluation method as
described in [4]. Figure 4(a) shows the true line number of each
gaze measurement z(k) and the estimated line number against k
for a single sample page of real-world data, emphasizing the close
alignment between the estimated and true line. Figure 4(b) shows the
line detection accuracy per page, for each of the 25 pages of data.
The line detection accuracy of the proposed method is consistently
between 97% and 98%.
Furthermore, the proposed Slip-KF offers superior noise elimina-
tion in the x-coordinates when compared with the least squares based
approach in [5]. Figure 5 has been included, which illustrates the
x-coordinates for both the raw (red) and estimated (blue) eye-gaze
fixation points plotted side-by-side for comparison, from three full
sample pages of real data. Through examination, one can observe
Fig. 3: Eye-gaze tracking while reading with the proposed
Slip-KF. Regular Kalman filter is able to follow the eye-fixation
measurements along the line. However, when there is a line return
(i.e., when the reader moves from the end of one line to the start of
a new line) the filter is ‘thrown back’ and takes time to recover.
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Fig. 4: Line detection accuracy. The line detection accuracy of the
proposed method is between 97% and 98%.
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Fig. 5: Comparison between measured and estimated x-coordinates. Three full sample pages of real data are shown, plotting each
measured and estimated x-coordinate according to their index for comparison. Through examination, one can observe that the Slip-KF
estimation procedure is highly effective in terms of noise elimination.
that the Slip-KF estimation procedure is highly effective in terms of
noise elimination.
V. CONCLUSIONS AND DISCUSSIONS
Let us re-iterate that an effective Slip-Kalman Filter, for the
purposes of tracking while reading, must meet the following criteria:
1) The Slip-Kalman Filter must provide adequate smoothing. For
a standard Kalman Filter, too much sensitivity results in the
estimated data points mimicking the measured data points too
closely, thus providing little effect in terms of noise reduction.
The appropriate amount of sensitivity, however, produces the
“slip” phenomena that was previously discussed.
2) In light of the previous point, the Slip-Kalman Filter must
be effective in eliminating the “slip” phenomena, allowing the
filter to quickly catch up in the event of drastic position and
velocity changes.
3) Finally, specific to the work of the authors, the output of
the Slip-Kalman Filter must be such that estimated (x, y)-
coordinates are free of excess noise and are easily interpretable,
providing not only a visual picture of an individual’s reading
progression through a block of text but also an evaluation
metric which proves useful in many scenarios - the accurately
estimated line being read by an individual at any given time
instant, otherwise referred to as “line-detection accuracy”.
Points 1 and 2 of the above are visually confirmed to be satisfied
by inspection of Figures 3 and 5. Moreover, the proposed Slip-KF
approach demonstrated in this paper, using a commercialy available
eye-tracking device to obtain eye-gaze fixation point measurements,
achieved a line detection accuracies between 97 and 98% on a
practical dataset where all lines were read once without skipping or
repeating. In terms accuracy as well as consistency, detection speed,
and effective reduction in noise associated with (x, y)-coordinates,
the Slip-KF is the most effective of all approaches proposed by the
authors in recent works, having the added benefit of real-time reading-
pattern detection capabilities.
While the Slip-KF proves to be an effective method of translating
raw, noisy eye-gaze fixation points to interpretable data, it has thus far
only been tested under the assumption that the reader will not return
to previously read text. In other words, each line of text must be read
once, and only once, and in sequence. Relaxing this assumption will
be the focus of our future work, as an individual’s natural reading
pattern may invalidate this assumption.
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